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Abstract—Quality of Experience (QoE) has become an increasing topic of research with the proliferation of multimedia services
on mobile devices. Previous research studies have focused on
proposing objective video quality assessment (VQA) metrics, and
evaluating them on generic video content databases that consist
mainly of natural clips such as news, sports and movies. This
paper investigates the accuracy of VQA metrics to estimate user’s
QoE for natural and non-natural multimedia clips on mobile
devices. The results from a subjective study with 60 participants
have shown that well known full-reference VQA metrics such
as PSNR, SSIM and VIFp exhibit up to 97% QoE estimation
accuracy for non-natural clips, despite not being traditionally
recommended for such clips.
Index Terms—Quality of Experience (QoE), Video Quality Assessment (VQA), objective metrics, continuous quality estimation.

I. I NTRODUCTION
With the mobile technologies global adoption on a fast rise,
Internet and computing are arguably in the middle of a mobile
revolution age. Mobile devices such as as smartphones and
tablets are getting more powerful and complex, but also low
cost and increasingly popular among users. These devices have
become mobile work, learning and entertainment centres being
used for a multitude of activities including resource intensive
multimedia applications.
Online services that involve multimedia streaming to mobile
devices have been growing at a fast pace in recent years, thanks
to the advancements in video and networking technologies and
due to the online shift of TV, movie and video content. Cisco
predicted that mobile video will increase 8-fold between 2015
and 2020, accounting for 75% of total mobile data trafﬁc
by the end of 2020 [1]. The challenge for mobile service
providers is both to effectively manage the high volume of
video trafﬁc that smartphone users generate, and to fulﬁl endusers’ expectations in terms of having access to high-quality
video content and rich multimedia applications.
As mobile users become more quality-aware, there is a
growing need for automatic and reliable metrics to estimate
users’ QoE with multimedia services [2]. While a multitude
of objective VQA metrics have been proposed [3], previous
research studies have primarily focused on evaluating their
performance on generic video content databases that consist
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mainly of natural clips such as news, sports and movies [4].
As many metrics are based on visual statistics and features of
natural scenes, non-natural clips were often excluded as they
were considered to complicate the metrics’ evaluation [5]. Natural clips correspond to video recordings of real-world scenes,
while non-natural clips are usually computer-generated.
This paper investigates the accuracy of well-known VQA
metrics such as PSNR, SSIM and VIFp to estimate the user
QoE measures resulted from perceptual testing on mobile
devices. The main contribution of the paper consists in the
analysis of non-natural clips along with natural clips. A
subjective study was conducted with 60 participants that had to
continuously rate their perceived QoE for 6 educational multimedia clips with changing quality level. The results showed
that VQA metrics can estimate the user-perceived quality of
non-natural educational clips with up to 97% accuracy.
The rest of the paper is structured as follows. Section II
presents related work in the area of video quality assessment.
Sections III and IV present the setup and results analysis for
the subjective study, while section V concludes the paper.
II. R ELATED W ORK
The area of video quality assessment has seen much research work and interest from both the academia and industry
over the years. The video quality can be evaluated using
subjective methods and objective metrics.
Subjective methods are considered the most accurate and
reliable way for assessing the video quality. A number of
methods were standardised by ITU in the recommendations
ITU-R Rec. BT.500 [6] for television and ITU-T Rec. P.910 [7]
for multimedia applications. These standards provide useful
guidelines and instructions regarding the selection of the subjects and of the test material, the setup of the test environment,
the rating scales to be used for assessment, as well as the
methods for analysing the data. Subjective methods can differ
in many aspects such as the test sequences presentation (i.e.,
double stimulus vs. single stimulus), the rating moment (e.g.,
after viewing short sequences vs. continuously while viewing
long sequences), or the rating scale (e.g., discrete 1 – bad to
5 – excellent scale vs. continuous 1–100 scale). While MOS
scales are often criticised to not accurately indicate users’ QoE
in terms of acceptability, Spachos et al. [8] have shown that the
technical quality and overall experience measured on a 5-point
scale impact on the user acceptability expressed as a binary
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III. S UBJECTIVE S TUDY S ETUP
A subjective study was conducted in order to evaluate the
performance of the PSNR, SSIM and VIFp full-reference
objective VQA metrics to estimate the continuous QoE for
educational multimedia clips on mobile devices. The three
metrics were selected as they correspond to different categories
(i.e., traditional point-based, natural visual statistics-based, and
perceptual HVS modelling-based [3]).
A. Multimedia Test Sequences
Six high-quality clips corresponding to different categories
of educational multimedia clips were used for the subjective
study. ArtOfBook (documentary), NitrogenIceCream (demo),
and ProjectPlanning (presentation) are mainly natural clips,
while AtomSize (animation), CoralsIntro (slideshow), and
PhotoEditing (screencast) are mainly non-natural clips. More
details about the clips can be found in [15].
A 4 min long continuous test sequence was extracted from
each educational clip. Fig. 1 presents the spatio-temporal
complexity of the test sequences quantiﬁed through the Spatial
Index (SI) and Motion Vectors (MV) metrics computed as
in [4]. Each sequence was compressed using the H.264 video
codec at 1 reference and 13 other quality levels with different
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measure. The main limitation of subjective methods is their
reduced applicability for real-world multimedia applications
as they are cost and time expensive due to the need for
participants to provide their opinion
Objective VQA metrics aim to provide automatic quality
estimation and are more suitable for real-world applications.
The objective VQA metrics can be classiﬁed in: full-reference
(FR), reduced-reference (RR) and no-reference (NR) metrics.
FR metrics provide the highest quality estimation performance,
but require precise spatial and temporal synchronisations
between the original and impaired videos. Peak Signal-toNoise Ratio (PSNR) provides a baseline for video quality
assessment metrics and continues to be widely used thanks
to its simplicity. More complex metrics such as Structural
Similarity Index (SSIM) [9] and Visual Information Fidelity
(VIFp) [10], are based on natural visual characteristics or
models of Human Visual System (HVS).
RR metrics (e.g., [11], [12]) aim to provide a compromise
between accuracy and ﬂexibility, by making use of some
information extracted from the reference video, such as the
amount of motion or spatial detail, which are more feasible to
be transmitted over the communication channel.
NR metrics (e.g., [13], [14]) have a high ﬂexibility since
they do not require the presence of the original video, unaffected by the factors under test. The majority of these metrics
estimate the video quality of the impaired clip based on factors
such as blockiness, blurring, jerkiness, ringing, etc.
A major challenge is to decide between the multitude of
objective metrics, especially for applications such as multimedia mobile learning that often involve non-natural clips, which
were traditionally excluded from subjective evaluation studies.
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Fig. 1. Spatio-temporal complexity of the multimedia test sequences.
TABLE I
E NCODING SETTINGS FOR THE TESTING SCENARIOS .
Resolution [pixels], Framerate [fps], Bitrate [kbps]
15s Scenario 1 (S1)
Scenario 2 (S2)
Int. (Resolution Decrease) (Framerate Decrease)
I0
I1
I2
I2
I4
I5

1280×720, 30, 1800
1280×720, 30, 1500
848×480, 30, 600
640×360, 30, 350
426×240, 30, 150
320×180, 30, 90

1280×720, 30, 1800
1280×720, 30, QP25
1280×720, 15, QP25
1280×720, 7.5, QP25
1280×720, 3.75, QP25

Scenario 3 (S3)
(Bitrate Decrease)
1280×720, 30, 1800
1280×720, 30, 1024
1280×720, 30, 384
1280×720, 30, 128
1280×720, 30, 64

values for the video bitrate, framerate and resolution parameters (see section III-B for the speciﬁc values used). Apart
of the three parameters all other video and audio encoding
settings were maintained constant.
Following that, consecutive 15 sec long segments were
extracted from the 14 different quality versions and joined
together to obtain the test sequences with changing quality.
The AviSynth [16] nonlinear video editor was used for performing on-the-ﬂy video editing tasks on the original clips
(i.e., trimming/joining sequences, changing the resolution or
framerate), without the need for recompression. More details
on how the test sequences were created can be found in [17].
B. Test Scenarios
Three testing scenarios were considered for the study, which
consisted of gradually decreasing the three video encoding
parameters: resolution (S1), framerate (S2) and bitrate (S3).
Table I presents the encoding settings for the different 15 sec
intervals of each scenario. The encoding values for the reference quality (I0), and the bitrate values for the different
resolutions were selected based on the educational multimedia
proﬁling recommendations from [18]. For S2 the compression
level was maintained constant at QP = 25 quantization factor.
The three scenarios were conducted in succession over the
4 min duration of each test sequence, but in a different order
(e.g., S3-S2-S1, S1-S3-S2, etc.). The reference quality level

2016 23rd International Conference on Telecommunications (ICT)

Fig. 2. On-screen slider used for the continuous video quality rating.

was used for the ﬁrst 15 sec interval of each test scenarios in
order to provide a baseline and help the participants re-adjust
their opinion. Using long test sequences with changing quality
level enables a real-world like multimedia viewing experience.
C. Subjective Testing Procedure
The subjective study was conducted with 60 non-expert
volunteer participants (37 males, 23 females), aged between
20 to 53 years old (AV G = 28.67, SD = 6.87). The
participants were asked to view each of the 6 multimedia test
sequences with changing quality level and continuously rate
their perceived video quality. The standardised Single Stimulus Continuous Quality Evaluation (SSCQE) procedure was
followed, with rating done on a calibrated 0 – 100 continuous
scale with annotated QoE levels (i.e., ‘bad’ to ‘excellent’) [6].
The rating was done using an on-screen slider displayed over
the video player, as presented in Fig. 2. The viewing and rating
of the test sequences was done on a Google Nexus 7 tablet
mobile device, with a 7 inch screen and 1280×800 resolution.
To counteract any effects such as fatigue on the subjective
results multiple randomisations were performed (i.e., testing
scenarios randomisation across educational clips, and educational clips randomisation across participants).
IV. R ESULTS
A. Continuous MOS and VQA Metrics Analysis
Fig. 3 presents the continuous MOS (Mean opinion Score)
across the 60 participants averaged for each second interval.
The ﬁgure also illustrates the objective values for the VIFp
metric computed between the reference quality version and the
changing quality version of each test sequence, averaged on a
per second basis (i.e., across every 30 frames). The equivalent
QoE bands on the 5-point discrete scale (i.e., 1 – ‘bad’ to 5 –
‘excellent’), and corresponding VIFp thresholds based on the
mapping solution proposed in [19], are also illustrated.
The continuous MOS results show that the participants
noticed the decrease in quality for all 3 test scenarios, but
usually there is approximately 5 sec delay until they adjust the
slider. The results also show that the QoE decreases higher in
case of the resolution (S1) and bitrate (S3) decrease scenarios.
For the framerate (S2) decrease scenario the participants rated
as ‘excellent’ or ‘good’ the sequences even at 3.75 fps. The
QoE decrease is related to the clip characteristics. For example,
the PhotoEditing clip presents high spatial and low temporal

detail (see Fig. 1), thus the QoE decreases to ‘poor’ in case
of S1 and S3 but remains within ‘excellent’ for S2.
The continuous VIFp results show that while the metric
captures the decreasing QoE trend, it presents very high
variations. This is expected as the VQA metrics are computed
on a per-frame basis. However, as the human participants do
not notice the changes in quality at such high granularity it is
safe to average the values across multiple seconds.
Fig. 4 presents the MOS and VIFp values averaged for
each quality level (i.e., each 15 sec interval). The results show
that VIFp can capture with high accuracy the decreasing QoE
trend, as well as the QoE level, especially for S1 and S3.
B. Quality Estimation Accuracy Results
Figs. 5 and 6 present the quality estimation accuracy results
quantiﬁed using the Pearson Linear Correlation Coefﬁcient
(PLCC) [3]. The PLCC measure was computed after nonlinear regression between the MOS and VQA metric values
using a cubic polynomial function as in [19]. PLCC was
computed separately for each group of clips (i.e., natural vs.
non-natural), and for each of the S1, S2, and S3 test scenario
in three cases: continuous MOS (and VQA metric values)
averaged over 1, 7.5 and 15 second intervals.
The results show a number of interesting ﬁndings:
• The quality estimation accuracy increases if the MOS and
VQA metric values are averaged over a longer interval.
• All three VQA metrics perform better for natural than
non-natural clips. However, PSNR and VIFp perform
almost equally well independent of content type for S1
and S3, while SSIM performs signiﬁcantly worse for nonnatural clips on S3.
• The VQA metrics tend to present lower performance for
S2 framerate decrease. However, the poorer performance
is manifested to higher a degree in case of non-natural
clips, with maximum 67% accuracy provided by PSNR
on 15 sec average, while for natural clips the metrics
provide over 79% accuracy in all test cases.
V. C ONCLUSIONS
This paper investigated the performance of well-known
VQA metrics such as PSNR, SSIM and VIFp to estimate
user’s QoE for different categories of educational multimedia
clips, including natural (i.e., documentaries, presentations and
demos), and non-natural (i.e., animations, slideshows and
screencasts). The investigation on mobile devices was conducted in a continuous way with long sequences to provide a
more realistic experience.
The results analysis has revealed that user QoE is affected
to a higher degree by a decrease in resolution or bitrate, as
compared to decreasing the framerate. The PSNR, SSIM and
VIFp metrics are more suitable to estimate the user QoE for
natural clips as the accuracy was higher than 79% for all test
conditions. Moreover these metrics also perform very well
for non-natural clips with up to 96% accuracy for resolution
decrease, up to 97% for bitrate decrease, but only up to 67%
for framerate decrease.
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Fig. 3. Continuous MOS and VIFp values for the resolution (S1), framerate (S2) and bitrate (S3) decrease testing scenarios.
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Fig. 4. Average MOS and VIFp values for each 15 second interval of the resolution (S1), framerate (S2) and bitrate (S3) decrease testing scenarios.
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Fig. 5. PLCC quality estimation accuracy results of PSNR, SSIM and VIFp full-reference objective VQA metrics for the natural clips.


 

    

    ! "#$ %







  




 

























 
























    

 



 

 
 



 







 

 









   

    ! "#$ %



 





 

    ! "#$ %






 










    



 





    

Fig. 6. PLCC quality estimation accuracy results of PSNR, SSIM and VIFp full-reference objective VQA metrics for the non-natural clips.
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